Abstract-This letter addresses the hybrid range/angle-based target localization problem in a cooperative 3-D wireless sensor network where no central processor is available. Due to battery exhaust over time, sensors' transmit powers are assumed different and unknown. Range and angle measurements are drawn from the received signal strength and angle-of-arrival models, respectively. By exploiting the measurement models, we derive a novel local-estimator by which each target updates its own estimate, based on the least squares criterion. Second-order cone relaxation technique is then applied to approximately solve the attained problem due to its non-convex nature. Our simulation results show that the proposed algorithm efficiently solves the localization problem.
I. INTRODUCTION

L
OCALIZATION has become an active research area in recent years owing to emerging services based on location-awareness in a myriad of wireless structures [1] , [2] . Wireless localization algorithms commonly rely on range measurements [3] , [4] , extracted from time-of-arrival, received signal strength (RSS), angle-of-arrival (AoA), or a combination of them.
Significant progress has been made in developing centralized range/angle localization algorithms, for both noncooperative [5] - [8] and cooperative localization [9] . In [5] , linear least squares (LS) and optimization based estimators were studied. An LS and a maximum likelihood (ML) estimators for a hybrid scheme that merges RSS difference (RSSD) and AoA measurements were derived in [6] by employing nonlinear constrained optimization. In [7] , a selective weighted LS (WLS) estimator for RSS/AoA localization problem was proposed. Another WLS estimator for RSSD/AoA localization problem was presented in [8] . An estimator based on semidefinite relaxation technique where triplets of points were used to obtain the angle measures was proposed in [9] .
All of the above approaches offer a centralized solution to the hybrid range/angle localization problem. Although centralized approaches are stable, in large-scale networks, a central processor with enough computational capacity might not be available. Hence, a distributed solution is of practical interest.
In this letter, we investigate a hybrid RSS/AoA localization problem in cooperative wireless sensor networks (WSNs). Due to battery exhaust over time, we consider the scenario where the sensors' transmit powers are different and unknown. Furthermore, the case where the path loss exponent (PLE) is different for each link and not perfectly known is examined. For such a challenging localization problem, we propose a distributed solution based on second-order cone relaxation (SOCR) technique. The proposed algorithm requires no central processor and has a computation-free initialization. To accomplish a completely distributed algorithm, information exchange is allowed between two incident sensors exclusively and data processing is performed locally by each sensor.
II. PROBLEM FORMULATION
Consider a large-scale WSN with a set of anchors |A| = N (sensors with known locations) and a set of targets |T | = M (sensors whose locations are to be determined), where | • | represents the cardinality of a set. We denote the locations of the referred sensors as a j ∈ R 3 , ∀j ∈ A and x i ∈ R 3 , ∀i ∈ T , respectively. Two sensors are linked if and only if they are within the communication range, R, of each other. Hence, the sets of all target/anchor and target/target links are respectively
A hybrid system which merges range and angle measurements is employed to determine the unknown locations of the targets, as shown in Fig. 1 . In Fig. 1, x We assume that the distances are drawn from the RSS measurements, since ranging based on RSS requires no additional hardware. The noise-free RSS between two sensors, i and j, 2162-2345 c 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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where P i is the transmit power of the i-th sensor, L 0i is the path loss value of the i-th sensor at a short reference distance
, γ is the PLE, and d ij is the distance between sensors i and j. The RSS model in (1) can be replaced by a path loss model by using the relationship L ij (dB) = 10 log 10
where
is the log-normal shadowing term modeled as zero-mean Gaussian random variable with variance σ 2 n ij . Note that L 0i is related to P i . It is assumed that anchors exclusively are suitably equipped to acquire the AoA measurements (e.g., with directional antenna or antenna array [5] , or video cameras [11] ). Therefore, by applying simple geometry, azimuth and elevation angle measurements can be modeled respectively as [5] :
) are the measurement errors of azimuth and elevation angles, respectively.
Given
T , the conditional probability density function (PDF) is given as:
) is the vector of all unknown variables, and f (χ ) = L 0i + 10γ log 10
The ML estimate,χ , of the unknown variables can be obtained by maximizing the log of the likelihood function (5) with respect to χ [12, Ch. 7] , as:
Note that the ML estimator (6) is non-convex and has no closed-form solution, which may mislead recursive algorithms (e.g., gradient descent method) to get trapped in a local minimum, causing large errors in the location estimation process.
III. DISTRIBUTED LOCALIZATION
Solving (6) can be computationally exhausting in large WSNs; thus, it is of interest to solve (6) for each target independently. Taking that the initial target locations,x
are pre-assigned, the problem in (6) can be partitioned into local sub-problems, where each target determines its location by resorting only to information available from one-hop neighbors. Consequently, target i updates its location estimate in each iteration, t, by solving the following local ML problem:
represent the sets of all anchor and all target neighbors of the target i respectively, and the first
Given thatx (0)
i , ∀i ∈ T are known, and under the assumption that the noise is sufficiently small, from (2) we have:
where λ ij = 10
5γ . By squaring both sides of (8) and dropping the secondorder noise terms, we get:
Similarly, from (3) and (4) we respectively have: c
By applying the trigonometric approximations for small angles and omitting the second-order noise terms, from (11) we get:
Based on the LS criterion and (9), (10) and (12) we get:
(13) The problem (13) is not convex and has no closed form solution. However, we can transform it into a convex one by applying appropriate SOCR technique. First, introduce auxiliary variables y = x i to relax y = x i 2 and r ij = x i − a j into y ≥ x i 2 and r ij ≥ x i − a j , respectively. Introduce epigraph variables e, ρ and q. Use epigraph variables, to write the first and the third sum in (13) 
Let us define C as the set of colors (numbers) of the sensors, according to which the network operates in order to avoid message collisions [14] . Algorithm 1 outlines the proposed SOCP algorithm. Lines 5 − 10 are performed concurrently by all targets i ∈ C c , which might reduce the running time of the algorithm. At Line 6, we solve (14) S number of times, after which we start calculating the ML estimate of L 0i , L 0i , and switch to solving (14) as if L 0i is known. To solve (14) for known L 0i , all one has to do is to computeη i = 10 − L 0i /5γ and plug in this estimated value into (14) . Line 7 is introduced to avoid the oscillation in the location estimates. At Line 10, the location updates,x (t+1) i ∀i ∈ T , are broadcasted to neighbors of i. In the remaining text, we label Algorithm 1 as "SOCP".
IV. COMPLEXITY ANALYSIS
The worst case computational complexity of an SOCP algo-
where U is the number of the second-order cone (SOC) constraints, m is the number of the equality constraints, and u n is the dimension of the n-th SOC. In (14) ,
and p being the space dimension, ∀i ∈ T . Hence, the worst case computational complexity of the proposed SOCP is
Consequently, the complexity of distributed algorithms is a function of neighborhood sizes, rather than the network size.
V. PERFORMANCE RESULTS
This section verifies the performance of the proposed algorithm through computer simulations. To the best of the authors'
Algorithm 1 The Proposed Distributed SOCP Algorithm
Require:
for c = 1, . . . , C do 4:
if t > S then 15:
end for 23:
end if 24: until t < T max knowledge, no distributed hybrid range/angle algorithms are currently available in the literature and the adaptation of the existing centralized methods is not straightforward to distributed setting. In favor of testing the hypothesis that the hybrid systems outperform the traditional ones, we also present here the results of the proposed method that uses RSS measurements only, denoted as "SOCP2 RSS ". To provide a performance benchmark, we use the centralized hybrid RSS/AoA cooperative approach described in [15] for known P i 's, labeled as "SDP". The presented algorithms were solved by using the MATLAB package CVX [13] .
The performance metric is the normalized root mean square error (NRMSE), defined as
2 , where x ij denotes the estimate of the true location of the j-th target, x ij , in the i-th Monte Carlo (M c ) run. We consider a random deployment of all sensors inside a cube region of length B in each M c run, such that the network is connected. Here, we set S = 3 andx 
reduction is observed with the increase of N. This behaviour is anticipated, since more reliable information is introduced in the network. Moreover, one can notice that the SOCP curve gets saturated at t = 3. Hence, at this point we start estimating L 0i 's, and continue our algorithm as if L 0i 's are known. This fact explains the sudden curve drop after t = 3. Finally, one can argue that the new algorithm performs excellent, achieving the lower bounds: "SOCP2", set by the proposed approach using the true values of L 0i 's, and "SDP" set by the centralized algorithm using the true values of L 0i 's. Fig. 3 illustrates the NRMSE versus t comparison for different M. It is clear that the proposed approach requires a slightly larger number of iterations to converge as M is increased, as anticipated. However, its performance does not impair as M grows. Fig. 3 reveals also exceptional performance of the proposed approach, attaining its lower bound for all M. Fig. 4 shows the NRMSE versus σ n ij (dB) comparison. Naturally, as the measurement quality drops the estimation accuracy reduces. The figure shows excellent performance of the proposed algorithm for all noise levels. Understandably, for high noise level, the performance gap between the proposed approach and the centralized one opens up a bit due to error propagation in the iterative nature of the distributed algorithms.
VI. CONCLUSION
In this letter, we have presented a distributed algorithm for hybrid RSS/AoA localization for unknown transmit powers. By applying the SOCR technique, we approximated the derived non-convex LS estimator into a convex one. After a certain number of iterations, we took advantage of the obtained location estimates to calculate the ML estimate of the transmit powers, and continued solving the problem as if the transmit powers were known. The obtained results verify that the new approach efficiently solves the localization problem, providing accurate localization in only a few iterations.
